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1  | INTRODUCTION
Robust	 information	on	 the	distribution	and	abundance	of	 species	 is	
essential	for	many	applications	in	ecology	and	conservation.	Advances	
in	species	distribution	modeling	have	driven	an	explosion	in	the	use	









abundance	would	 be	 far	more	valuable	 as	 they	provide	much	more	
information	 about	 the	 state	 of	 populations	 and	 properties	 of	 eco-
systems	(Hui	et	al.,	2009;	Pearce	&	Ferrier,	2001;	Sagarin,	Gaines,	&	
Gaylord,	2006).
Predicting	 abundance	 distributions	with	 accuracy	 is	 challenging.	
Even	where	presence–absence	or	presence-	only	data	are	easy	to	find,	














2013).	 Various	 studies	 have	 attempted	 to	 correlate	 the	 results	 of	
SDMs	or	related	models	with	abundance	data	to	produce	models	pre-
dicting	abundance	in	unknown	areas	(Johnson	&	Seip,	2008;	Nielsen	
et	al.	 2005;	Van	 Couwenberghe	 et	al.,	 2013).	 However,	wide	 varia-
tion	in	the	relationships	between	species	occurrence,	and	abundance	
has	been	 reported,	with	various	studies	 showing	weak	 relationships	
(Gaston	 et	al.,	 2000;	 Nielsen	 et	al.	 2005;	Van	 Couwenberghe	 et	al.,	
2013).	Another	study	by	Pagel	et	al.	(2014)	used	a	hierarchical	model	
to	predict	abundances	in	time	and	space	using	a	combination	of	plen-
tiful	 occurrence	 data	 and	 restricted	 abundance	 data.	 Their	 method	
produced	unbiased	results,	but	with	very	low	precision	in	predictions,	
perhaps	due	to	inflexibility	in	their	models	or	not	using	environmen-
tal	 covariates.	These	 studies	have	 all	 suggested	promise	 for	 a	 tech-




dance,	 where	 the	 results	 of	 SDMs	 produced	 using	 the	 R	 package	
biomod2	 (Thuiller,	 Georges,	 Engler,	 &	 Breiner,	 2016)	 are	 regressed	
against	abundance	data	and	additional	predictors	using	random	for-
est	regression	with	the	R	packages	caret	and	randomForest	(Breiman,	
2001;	Kuhn	et	al.,	 2016;	 Liaw	&	Wiener,	 2002).	This	 approach	per-
forms	well	 in	almost	all	 cases	 tested	here	and	 is	flexible	and	simple	















ing	 a	 knowledge	 gap	 for	 ecologists	 working	 on	 British	 woodlands,	





















species:	Acer campestre	L.,	Acer platanoides	L.,	Acer pseudoplatanus	L.,	
Alnus glutinosa	 (L.)	 Gaertner,	 Betula pendula	 Roth,	 Betula pubescens 
Ehrhart,	Carpinus betulus	L.,	Castanea sativa	Miller,	Corylus avellana	L.,	
Crataegus monogyna	von	Jacquin,	Fagus sylvatica	L.,	Fraxinus excelsior 
L.,	Populus tremula	 L.,	Prunus avium	 L.,	Prunus padus	 L.,	Pseudotsuga 
menziesii	 Franco,	 Quercus petraea	 Lieblein,	 Quercus robur	 L.,	 Salix 
caprea	 L.,	 Salix cinerea	 L.,	 Sorbus aria	 Crantz,	 Taxus baccata	 L.,	 Tilia 
cordata	Miller,	Ulmus glabra	Hudson,	and	Ulmus procera	Salisbury.	We	
discarded	 records	 with	 location	 data	 less	 precise	 than	 tetrad	 level	
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Data	 manipulation	 was	 carried	 out	 using	 custom-	written	 scripts	 in	
Python	(Python	Software	Foundation:	Version	3.3.2).
We	downloaded	data	on	 a	variety	of	 ecological	variables	 across	
Great	 Britain	 from	 a	 variety	 of	 free	 sources	 (Table	1).	 See	 Data	






For	 reviews	 of	 these	methods,	 see	 Elith	 and	 Leathwick	 (2009)	 and	
Pearson	and	Dawson	(2003).	SDMs	use	species	records	and	environ-






We	 selected	 15	 environmental	 variables	 as	 covariates	 from	 the	
original	 set	of	33.	We	removed	one	of	each	pair	of	variables	with	a	
pairwise	Pearson’s	correlation	coefficient	higher	than	0.7,	while	retain-





capacity,	 topsoil	minerology,	 topsoil	 organic	 carbon	 content,	 topsoil	
texture	class,	soil	category,	National	Forest	Inventory	(NFI)	forest	type,	










criteria;	 area	 under	 the	 receiver	 operator	 curve	 (ROC)	 and	 the	 true	
skill	 statistic	 (TSS;	Allouche,	Tsoar,	&	Kadmon,	2006).	For	each	spe-
cies,	we	 selected	 the	 best-	performing	models	 (see	Table	2)	 to	 build	
an	 ensemble	 distribution	 model	 (a	 mean	 of	 the	 raw	model	 results,	
weighted	by	 the	model	ROC	scores),	producing	a	single	distribution	
map	for	each	species	that	represents	a	robust	estimate	of	a	species’	
British	 distribution	 at	 1	km2	 resolution	 (Thuiller	 et	al.,	 2016).	 The	
model	selection	process	was	as	follows.	Firstly,	we	assessed	ROC	and	


















cause	of	 the	very	 large	 size	of	 our	 datasets,	 and	because	 the	mod-





2.2 | Stage 2: Modeling abundance using random 
forest regression
Abundance	data	for	trees,	in	the	form	of	hectares	covered	by	a	spe-
cies	 per	 square	 kilometer	 (or	 percent	 cover),	 were	 obtained	 from	





By	contrast,	myForest	 is	 a	 service	 set	up	 to	help	woodland	owners	
map	 and	manage	 their	 forests,	 which	 currently	 holds	 data	 on	 over	
45,000	ha	 of	woodlands	 across	Great	Britain,	 but	 does	 not	 contain	
any	 records	 outside	 of	 woodlands.	 For	 all	 tree	 species	 combined,	
9,800	randomly	selected	abundance	data	points	from	the	Countryside	
Survey	and	9,453	abundance	data	points	from	myForest	were	used,	
making	 an	 average	 of	 770	 abundance	 data	 points	 per	 species	 (see	
Appendix	5	for	numbers	of	data	points	per	species).
The	two	abundance	datasets	 (Countryside	Survey	and	myForest)	



















Tree	 cover	 data	 for	 England	 and	Wales	 from	Bluesky’s	National	
Canopy	 Map	 were	 made	 available	 by	 the	 Woodland	 Trust,	 to	 be	
TABLE  1 Ecological	variables	downloaded	and	produced	for	species	distribution	modeling.	Details	of	data	sources	can	be	found	in	Data	
Accessibility
Variable Description Unit Source




bio3 Isothermality	(bio2/bio7	×	100) °C	×	10 Worldclim
bio4 Temperature	seasonality:	standard	deviation	×	100 °C	×	1000 Worldclim
bio5 Max	temperature	of	warmest	month °C	×	10 Worldclim
bio6 Min	temperature	of	warmest	month °C	×	10 Worldclim
bio7 Temperature	annual	range °C	×	10 Worldclim
bio8 Mean	temperature	of	wettest	quarter °C	×	10 Worldclim
bio9 Mean	temperature	of	driest	quarter °C	×	10 Worldclim
bio10 Mean	temperature	of	warmest	quarter °C	×	10 Worldclim
bio11 Mean	temperature	of	coldest	quarter °C	×	10 Worldclim
bio12 Annual	precipitation mm Worldclim
bio13 Precipitation	of	wettest	month mm Worldclim
bio14 Precipitation	of	Driest	Month mm Worldclim
bio15 Precipitation	seasonality:	coefficient	of	variation cm Worldclim
bio16 Precipitation	of	wettest	quarter mm Worldclim
bio17 Precipitation	of	driest	quarter mm Worldclim
bio18 Precipitation	of	warmest	quarter mm Worldclim
bio19 Precipitation	of	coldest	quarter mm Worldclim
altitude Altitude m	×	10 Worldclim
slope Slope % Derived	from	Altitude	using	ArcGIS	(Slope)
aspect Aspect Degrees Derived	from	Altitude	using	ArcGIS	(Slope)
directradiat Direct	radiation:	incoming	direct	solar	radiation Watt	hr	m−2 Derived	from	Altitude	using	ArcGIS	(Solar	
Radiation	Analysis)
directdurat Direct	duration:	duration	of	direct	solar	radiation Hours Derived	from	Altitude	using	ArcGIS	(Solar	
Radiation	Analysis)
diffuseradiat Diffuse	radiation:	incoming	scattered	solar	radiation Watt	hr	m−2 Derived	from	Altitude	using	ArcGIS	(Solar	
Radiation	Analysis)
nfi National	Forest	Inventory	Great	Britain	2014,	forested	areas Nominal Forestry	Commission
soil Soil	type	 Nominal European	Soil	Database
soiltext Dominant	soil	surface	textural	class Nominal European	Soil	Database
octop Topsoil	organic	carbon	content Nominal European	Soil	Database
awctop Topsoil	available	water	capacity Nominal European	Soil	Database
mintop Topsoil	minerology Nominal European	Soil	Database
ancient_es Ancient	woodlands	in	England,	Scotland	and	Wales Nominal Natural	England,	Forestry	Commission	Scotland	
and	National	Resources	Wales
land cover 07 UK	Land	cover	map	2007	(1	km2) Nominal Countryside	Survey/CEH
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used	as	a	modeling	covariate.	Three	 layers	from	this	were	used:	 the	
total	tree	cover,	tree	cover	derived	only	from	woodlands	included	in	









We	 used	 random	 forest	 regression	 to	 model	 the	 relationships	
between	 abundance,	 the	 probability	 of	 occupancy	 predicted	 by	 the	
SDMs,	 and	 our	 tree	 cover	 covariates	which	we	 expected	would	 be	
important	 for	modeling	 tree	abundance	 (Breiman,	2001).	A	separate	
random	forest	regression	was	implemented	for	each	species.	The	SDM	
outputs	for	all	species	were	included	as	variables	for	each	species,	so	



















el’s	 average	 error	when	 testing	 it	 against	 independent	 data,	 in	 this	
case,	 the	10%	that	was	 left	out	of	each	 run	 (Chai	&	Draxler,	2014).	








models used to 





Acer campestre 20 GAM,	RF,	GBM 0.92 0.71
Acer platanoides 20 GLM,	GAM,	RF,	GBM 0.76 0.44
Acer pseudoplatanus 20 GAM,	RF,	GBM 0.85 0.55
Alnus glutinosa 15 RF 0.80 0.46
Betula pendula 15 RF 0.79 0.46
Betula pubescens 15 RF 0.80 0.46
Carpinus betulus 20 RF,	GBM,	MaxEnt 0.78 0.40
Castanea sativa 15 RF 0.81 0.47
Corylus avellana 16 RF,	GBM 0.86 0.46
Crataegus monogyna 20 GLM,	GBM,	RF,	GBM 0.96 0.82
Fagus sylvatica 20 GAM,	RF,	GBM 0.81 0.48
Fraxinus excelsior 20 GLM,	GAM,	RF,	GBM 0.92 0.83
Populus tremula 17 RF,	GBM 0.71 0.31
Prunus avium 11 RF 0.75 0.36
Prunus padus 20 RF,	GBM 0.80 0.48
Pseudotsuga menziesii 19 GAM,	RF,	GBM,	MaxEnt 0.76 0.39
Quercus petraea 15 RF 0.82 0.49
Quercus robur 16 RF,	GBM 0.90 0.64
Salix caprea 16 RF,	GBM 0.79 0.42
Salix cinerea 16 RF,	GBM 0.78 0.42
Sorbus aria 20 RF,	GBM 0.84 0.53
Taxus baccata 20 GAM,	RF,	GBM 0.80 0.44
Tilia cordata 15 RF,	GBM 0.76 0.36
Ulmus glabra 15 RF 0.79 0.43
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3  | RESULTS
3.1 | Species distribution modeling
All	 selected	 models	 had	 useful	 prediction	 capability	 (AUC	>	0.7)	
(Boyce,	Vernier,	Nielsen,	&	 Schmiegelow,	 2002).	 In	 general,	 predic-
tion	accuracy	of	the	selected	models	was	good	and	they	successfully	
predicted	 a	 large	proportion	of	 known	presence	or	 absence	points.	





the	 four	 species	with	 the	 lowest	 predictive	power	 (lowest	TSS	 and	
ROC	 scores),	 (Populus tremula,	 Prunus avium,	 Pseudotsuga menziesii, 
and Tilia cordata)	(Table	2),	we	investigated	further	to	ensure	that	all	
ecological	 factors	known	 to	be	 important	 to	 them	were	 included	 in	
the	model	runs.	However,	no	further	improvements	to	the	model	fit	
were	 found.	These	were	 species	 that	 tend	 to	be	either	widespread	
but	uncommon	throughout	their	range	(P. tremula,	P. avium,	T. cordata)	
or	non-	native	trees	whose	distribution	is	largely	controlled	by	human	
planting	 (P. menziesii),	and	as	a	 result,	 it	 is	unlikely	 to	be	possible	 to	
generate	high-	scoring	distribution	models	for	these	species	 (Guisan,	












independent	 data	 (Chai	&	Draxler,	 2014).	Table	3	 shows	RMSE	 and	
MAE	scores	for	each	species;	the	error	scores	are	given	in	the	same	




For	 six	 species,	 Acer platanoides,	 Populus tremula,	 Prunus padus,	







not	enough	data	available	 to	produce	 reliable	abundance	models	 (see	
Table	3).	These	species	were	omitted,	and	maps	of	predicted	abundance	
of	the	remaining	20	species	across	Great	Britain	were	produced	(Figure	3	
and	 downloadable	 from	 the	 Sylva	 Foundation	 website	 and	 Oxford	




avium,	Pseudotsuga menziesii, and Tilia cordata	despite	the	SDM	predic-
tion	accuracy	for	these	species	being	poorer	than	the	other	species.
We	also	calculated	R2	 scores	 for	 the	models,	and	these	are	avail-
able	in	Appendix	5.	However,	we	recommend	caution	when	interpret-
ing	 these	 scores,	 as	R2	 is	 not	 the	most	 appropriate	metric	 to	 use	 in	



































Predictions of abundance for species 1 





of occupancy for 
species 2 - 25 (other 
SDM results) (1 km2
resolution) 
covariates, e.g.,
 wood area 
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dance	data.	This	 is	 in	contrast	 to	several	previous	studies	 looking	 for	
relationships	between	SDM	results	and	abundance,	which	have	shown	
little	 or	 no	 relationship	 (Gaston	 et	al.,	 2000;	 Johnson	 &	 Seip,	 2008;	
Nielsen,	Johnson,	Heard,	&	Boyce,	2005).	However,	to	our	knowledge,	
no	previous	studies	have	used	random	forest	regression	to	model	this	
relationship,	 and	doing	 so	has	 a	number	of	 advantages.	Most	 impor-
tantly	perhaps	is	that	it	does	not	make	any	assumptions	about	the	shape	
of	the	relationship.	Previous	studies	have	attempted	to	use	the	negative	
binomial	and	other	 theoretical	distributions,	but	we	argue	that	 this	 is	
likely	to	be	an	oversimplification	that	may	mask	true	relationships.	The	










































Model-predicted abundance (Ha km–2)
Acer campestre Castanea sava
Fraxinus excelsior Quercus robur












ing	point	 for	 further	study.	The	 inclusion	of	biotic	effects	may	have	
the	additional	benefit	of	improving	model	performance	for	predicting	
abundance	 under	 new	 conditions,	 such	 as	 future	 climate	 scenarios	





However,	 the	 approach	will	 not	 be	 able	 to	 incorporate	 changes	 to	 
biotic	effects	with	novel	species	assemblages,	or	other	 factors	such	 
as	dispersal	limitation,	without	further	modification.
Not	 all	 species	 were	 successfully	 modeled	 using	 this	 technique.	






are	generally	considered	 to	be	difficult	 to	model—such	as	Pseudotsuga 







British	 trees	 exist	 in	 highly	 human-	modified	 landscapes	 where	
their	 distributions	 have	 without	 exception	 been	 altered	 by	 human	
land	use	and	preferences	 (Hopkins	&	Kirby,	2007;	Rackham,	2008).	
This	 is	 a	 challenging	 scenario	 for	modeling	 abundance;	 other	 stud-










abundance,	which	 could	 be	 done	 by	 evaluating	 the	 relative	 perfor-
mance	of	this	and	other	methods	with	a	variety	of	published	datasets.
The	 abundance	maps	 that	we	 have	 produced	 are	 the	 best	 quality	

























Acer campestre 1.44 0.35 315
Acer platanoides 1.27 0.19 42
Acer pseudoplatanus 4.01 1.40 634
Alnus glutinosa 2.40 0.66 195
Betula pendula 6.88 2.29 802
Betula pubescens 4.09 1.09 127
Carpinus betulus 3.79 1.05 320
Castanea sativa 9.56 3.58 501
Corylus avellana 4.47 1.47 935
Crataegus monogyna 1.10 0.23 339
Fagus sylvatica 8.45 2.91 918
Fraxinus excelsior 4.95 1.88 1629
Populus tremula NA NA 16
Prunus avium 1.98 0.56 401
Prunus padus NA NA 9
Pseudotsuga menziesii 7.66 1.96 193
Quercus petraea 5.99 1.84 209
Quercus robur 6.50 2.54 1867
Salix caprea 1.38 0.28 74
Salix cinerea 0.16 0.03 55
Sorbus aria NA NA 3
Taxus baccata 2.21 0.49 86
Tilia cordata 1.04 0.14 56
Ulmus glabra NA NA 22
Ulmus procera NA NA 27
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the	1:1	line	showing	perfect	model	fit.	From	top	left,	species	are	Acer campestre,	Acer platanoides,	Acer pseudoplatanus,	Alnus glutinosa,	Betula 
pendula,	Betula pubescens,	Carpinus betulus,	Castanea sativa,	Corylus avellana,	Crataegus monogyna,	Fagus sylvatica,	Fraxinus excelsior,	Populus trem-
ula,	Prunus avium,	Prunus padus,	Pseudotsuga menziesii,	Quercus petraea,	Quercus robur,	Sorbus aria,	Salix caprea,	Salix cinerea,	Taxus baccata,	Tilia 




Species Most important variable in abundance model
Acer campestre Cover	of	trees	in	NFI
Acer platanoides Probability	of	occupancy	of	Crataegus monogyna
Acer pseudoplatanus Cover	of	trees	in	NFI
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Species Most important variable in abundance model




Salix caprea Probability	of	occupancy	of	Fagus sylvatica
Salix cinerea Probability	of	occupancy	of	Corylus avellana
Taxus baccata Cover	of	trees	in	NFI





Species R2 RMSE MAE
Number of data 
points per species
Number of nonzero 
data points
Acer campestre .523 1.44 0.35 679 315
Acer platanoides .207 1.27 0.19 444 42
Acer pseudoplatanus .426 4.01 1.40 906 634
Alnus glutinosa .271 2.40 0.66 484 195
Betula pendula .450 6.88 2.29 1,261 802
Betula pubescens .596 4.09 1.09 501 127
Carpinus betulus .690 3.79 1.05 755 320
Castanea sativa .764 9.56 3.58 982 501
Corylus avellana .344 4.47 1.47 1,282 935
Crataegus monogyna .049 1.10 0.23 413 339
Fagus sylvatica .496 8.45 2.91 1,388 918
Fraxinus excelsior .397 4.95 1.88 1,986 1,629
Populus tremula .126 NA NA 400 16
Prunus avium .589 1.98 0.56 886 401
Prunus padus .004 NA NA 394 9
Pseudotsuga menziesii .596 7.66 1.96 600 193
Quercus petraea .841 5.99 1.84 584 209
Quercus robur .462 6.50 2.54 2,303 1,867
Salix caprea .644 1.38 0.28 445 74
Salix cinerea .081 0.16 0.03 392 55
Sorbus aria .055 NA NA 392 3
Taxus baccata .372 2.21 0.49 518 86
Tilia cordata .442 1.04 0.14 461 56
Ulmus glabra .037 NA NA 394 22
Ulmus procera .013 NA NA 393 27
APPENDIX  4  (Continued)
